Introduction
There exists a vast literature analysing calendar anomalies (the Day of the Week Effect, the Turn of the Month Effect, the Month of the Year Effect, the January Effect, the Holiday Effect, the Halloween Effect etc.), and whether or not these can be seen as evidence against the Efficient Market Hypothesis (EMH -see, e.g., Fama, 1965; Samuelson, 1965; Jensen, 1978) . However, with one exception (Kurihara and Fukushima, 2017) to date no study has analysed such issues in the context of the crypto currency market -this being a newly developed market, it might still be relatively inefficient and it might offer more opportunities for making abnormal profits by adopting trading strategies exploiting calendar anomalies. We focus in particular on the day of the week effect, and for robustness purposes apply a variety of statistical methods (average analysis, Student's ttest, ANOVA, the Kruskal-Wallis test, and regression analysis with dummy variables) as well as a trading robot approach that replicates the actions of traders to examine whether or not such an anomaly gives rise to exploitable profit opportunities.
The paper is structured as follows: Section 2 briefly reviews the literature on the day of the week effect; Section 3 outlines the empirical methodology; Section 4 presents the empirical results; Section 5 offers some concluding remarks.
Literature Review
The day of the week effect (concerning statistically significant differences between returns on different days of the week) was one of the first calendar anomalies to be examined. Fields (1931) showed that the best trading day of the week is Saturday. Cross (1973) provided evidence of statistical differences in Friday-Monday data in the US stock market. French (1980) reported negative returns on Mondays. Further studies found evidence of a positive Friday/negative Monday pattern (see Gibbons and Hess, 1981; Rogalski, 1984; Smirlock and Starks, 1986, etc.) . Other studies on the stock market include Sias and Starks (1995) , Hsaio and Solt (2004), and Caporale et al. (2016) , whilst commodity markets were analysed by Singal and Tayal (2014) , and the FOREX by . Ariel (1990) , Fortune (1998) and Schwert (2003) all reported evidence against the Monday effect in developed markets, but this anomaly still appears to exist in many emerging markets .
The crypto currency market is rather young but sufficient data are now available to examine its properties. Dwyer (2014) , Cheung et al. (2013) and Carrick (2016) show that it is much more volatile than other markets. Brown (2014) provides evidence of short-term price predictability of the BitCoin. The inefficiency of the BitCoin market is also documented by Urquhart (2016) , whilst Bartos (2015) reports that this market immediately reacts to the arrival of new information and can therefore be characterised as efficient. Halaburda and Gandal (2014) analyse correlations in daily closing prices.
However, so far the only study examining anomalies in this market is due to Kurihara and Fukushima (2017) , who focus exclusively on the BitCoin, which is not necessarily representative of the crypto currency market as a whole. The present paper aims to fill this gap in the literature by providing much more extensive evidence on the day of the week effect in this market.
Data and Methodology
We examine daily data for 4 crypto currencies, choosing those with the highest market capitalisation and the longest data span (2013) (2014) (2015) (2016) (2017) , namely BitCoin, LiteCoin, Ripple and Dash. The data source is CoinMarketCap (https://coinmarketcap.com/coins/). More information on the crypto currency market is provided in Table 1 below. 
where i R -returns on the і-th day in %;
i Openopen price on the і-th day;
i Closeclose price on the і-th day.
Average analysis provides preliminary evidence on whether there are differences between returns for the different days of the week. Both parametric and non-parametric tests are carried out given the evidence of fat tails and kurtosis in returns. The Null Hypothesis (H0) in each case is that the data belong to the same population, a rejection of the null suggesting the presence of an anomaly.
We carry out Student's t, ANOVA and Kruskal-Wallis tests for the whole sample, and also for sub-samples in order to make comparisons between periods that might be characterised by an anomaly and the others. In addition we run multiple regressions including a dummy variable to identify the day of the week effect:
where -return in period t; a n -mean return on the n day of the week D nt -a dummy variable for the n day of the week, equal to 1 for observations corresponding to that day and to 0 otherwise ε t -error term for period t.
The size, sign and statistical significance of the dummy coefficients provide information about possible anomalies.
If an anomaly is detected we then apply a trading robot approach that simulates the actions of a trader according to an algorithm (trading strategy) with the aim of establishing whether or not that anomaly gives rise to exploitable profit opportunities, which could be seen as evidence against market efficiency. This is a programme in the MetaTrader To make sure that the results we obtain are statistically different from the random trading ones we carry out t-tests. We chose this approach instead of carrying out z-tests because the sample size is less than 100. A t-test compares the means from two samples to see whether they come from the same population. In our case the first is the average profit/loss factor of one trade applying the trading strategy, and the second is equal to zero because random trading (without transaction costs) should generate zero profit.
The null hypothesis (H0) is that the mean is the same in both samples, and the alternative (H1) that it is not. The computed values of the t-test are compared with the critical one at the 5% significance level. Failure to reject H0 implies that there are no advantages from exploiting the trading strategy being considered, whilst a rejection suggests that the adopted strategy can generate abnormal profits.
An example of the t-test is presented in Table 2 . As can be seen there is no evidence of statistically significant difference in terms of total net profits relative to the random trading case, and therefore no market inefficiency is detected.
Empirical Results
The Table 3 . 
There is clear evidence of an anomaly only in the case of BitCoin. The next step is to apply a trading simulation approach. First we design appropriate trading rules for the days when long or short positions respectively should be opened (see Table 4 for details). 
Since the anomaly occurs on Mondays (when returns are much higher than on the other days of the week) the trading strategy will be the following: open long positions on Monday and close them at the end of this day. The trading simulation results are reported in Table 5 . In general this strategy is profitable, both for the full sample and for individual years, but in most cases the results are not statistically different from the random trading case, and therefore they do not represent evidence of market inefficiency.
Conclusions
This paper examines the day of the week effect in the crypto currency market focusing on BitCoin, LiteCoin, Ripple and Dash. Applying both parametric and non-parametric methods we find evidence of an anomaly (abnormal positive returns on Mondays) only in the case of BitCoin. Further, using a trading simulation approach we show that a trading strategy based on this anomaly is profitable for the whole sample (2013-2017): it generates net profit with probability 60% and these results significantly differ from the random ones.
However, in the case of individual years the opposite conclusions are reached. There is no evidence that the crypto currency market as a whole is inefficient.
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